This study simultaneously analyzed and evaluated the meteorological drought-monitoring utility of the following four satellite-based, quantitative precipitation estimation (QPE) products:
Introduction
Drought is one of the most destructive natural disasters in the world; droughts occur not only in arid areas but also in humid areas [1] [2] [3] . Frequent drought disasters can profoundly affect agricultural production and, consequently, severely threaten food security and the ecological environment. With the advent of global warming, the global drought area as well as drought hazards are expected to Their results displayed that the PERSIANN-CDR showed a similar drought pattern of drought events to that of CPAP over eastern China; however, large differences occurred over regions with relatively sparse gauge networks. Zhong et al. [17] evaluated and compared satellite-based QPE products, including the PERSIANN-CDR, Climate Hazards Group Infrared Precipitation with Station (CHIRPS) [34] , and TRMM 3B42V7, for the drought monitoring of mainland China using both the SPI and the PDSI. The results showed that all three QPE products performed better in the eastern part of China than in the west. Lu et al. [35] evaluated the accuracy of multiple satellite-based precipitation products. TRMM 3B42RT and 3B42 as well as Climate Prediction Center (CPC) Morphing Technique (CMORPH) [36] for pure satellite precipitation product (CMORPH-RAW), and for gauge-satellite blended product (CMORPH-BLD) were used via the SPI across China. The results indicated that 3B42 and CMORPH-BLD were generally more consistent with the SPI obtained with in situ measurements than 3B42RT and CMORPH RAW products.
Previous studies focused on evaluating the performance of remotely sensed precipitation products for the monitoring of drought using the SPI [15, 17, 19, 30, 37] . However, relatively few studies have evaluated the utility of remotely sensed precipitation products for estimating drought indices, such as more water balance variables, e.g., the Gridded Standardized Precipitation Evapotranspiration Index [38] and PDSI [17] . The SPEI, which considers more water balance variables than the SPI and has less calculative complexity than the PDSI, might also be a suitable index for QPE product-based drought monitoring in the short term. The SPEI has begun to be employed to evaluate the regional drought utility of satellite-based precipitation [38] . In addition, increasing regional studies indicate it is practical to use remotely sensed precipitation products to monitor and analyze drought. However, simultaneous evaluation of multiple remotely sensed precipitation products remains unquantified at global scale.
Therefore, this study analyzed four widely used satellite-based QPE products (CMORPH-BLD, TRMM-3B43, PERSIANN-CDR, and CHIRPS) for drought monitoring at the global scale via relative comparison of these products against CRU global reference using the form of the SPEI.
This study is organized as follows: Section 2 describes the four satellite-based QPE products, CRU global gauge-based observations, and the calculating method of the SPEI. The estimation results of four widely-used satellite-based QPE products are described in Section 3. The discussion and conclusions are presented in Sections 4 and 5, respectively. The results of this study serve as reference for the use of QPE products for drought monitoring and evaluation of recent drought events.
Materials and Methods

Data Used in This Study
Reference Data
In this study, the four satellite-based precipitation products were blended with different gauge precipitation products. This study excluded those gauge precipitation products which had been used to adjust the satellite precipitation products when selecting the reference data. On this basis, this study chose gridded Climate Research Unit (CRU) [39] Version 4.02 as reference data. The monthly CRU dataset with spatial resolution of 0.5 • × 0.5 • was developed by the Climatic Research Unit (University of East Anglia) based on a large number of stations with good quality control and homogeneity check [40] . The version 4.02 CRU precipitation dataset is available online (http://www.cru.uea.ac.uk/data/). In this study, the original CRU precipitation data was interpolated into 0.25 • × 0.25 • . Previous studies have indicated that CRU is a reliable data source for climate studies [12, 41] .
Satellite-Based Data
In this study, four gauge-satellite blended datasets including CHIRPS Version 2.0 (CHIRPS), TRMM Multi-satellite Precipitation Analysis (TMPA) 3B43 Version 7 (TRMM-3B43), PERSIANN-CDR, Remote Sens. 2019, 11, 2010 4 of 21 and CMORPH-BLD were evaluated on a global scale. The retrieval algorithm differs between these satellite-based products.
CHIRPS is a collaboration between the U.S. Geological Survey and the Climate Hazards Group of the University of California (USA), and can be accessed at ftp://ftp.chg.ucsb.edu/pub/org/chg/products/ CHIRPS-2.0/. It blends satellite estimates and gauge observations based on infrared Cold Cloud Duration (CCD) observations. It covers the global land mass and a monthly temporal resolution and a spatial resolution of 0.05 • × 0.05 • . In this study, the latest version of CHIRPS v2.0 was used.
The TRMM satellite data is jointly produced by the National Aeronautics and Space Administration and the Japan Aerospace Exploration Agency to observe the precipitation in tropical regions and is available for download at https://pmm.nasa.gov/data-access/downloads/trmm. The satellite was launched into orbit in 1997 and was decommissioned in 2015 [17, 31, 42] . The data released by the TRMM encompasses an area between 50 • N and 50 • S latitude and has a temporal and spatial resolution of 3 h and 0.25 • × 0.25 • . It combines infrared, microwave, and radar information from TRMM and other precipitation-relevant satellite sensors. It blends the ground-observed data from the Global Climatology Precipitation Center (GPCC). In this study, the latest monthly 3B43 version 7 data, which was aggregated using 3 h data was released in mid-2011, was used.
The CMORPH combines existing microwave rainfall algorithms to generate a new precipitation estimation. In this process, motion vectors derived from half-hour interval geostationary satellite infrared imagery are used to propagate the relatively high-quality precipitation estimates derived from passive microwave data. The Climate Prediction Center provides raw, satellite-only precipitation estimates as well as bias-corrected and gauge-satellite blended precipitation (CMORPH-BLD) products at ftp://ftp.cpc.ncep.noaa.gov/precip/. The CMORPH-BLD product was first released in 1998. The 0.25 • daily CMORPH-BLD product covers an area from 60 • N to 60 • S latitude.
The PERSIANN-CDR was developed by the National Oceanic and Atmospheric Administration (NOAA) based on the Climatic Data Center (NCDC) Climate Data Record (CDR) program [43] . PERSIANN uses local cloud textures from GridSat-B1 infrared data to estimate precipitation based on artificial neural networks. To improve the accuracy of precipitation estimates, the Global Precipitation Climatology Project (GPCP) monthly product (at a 2.5 • scale) was used to adjust for bias throughout the entire record generated by the PERSIANN model. More detailed descriptive information about the PERSIANN-CDR can be found in Ashouri et al. [33] . In this study, the PERSIANN-CDR data was downloaded from the Center for Hydrometeorology and Remote Sensing (CHRS) at the University of California, Irvine (http://chrsdata.eng.uci.edu/). It has daily near-global estimates (60 • S to 60 • N) with a resolution of 0.25 • × 0.25 • since 1983.
Detailed information about the four satellite-based precipitation products is listed in Table 1 . For the calculation of drought index, the daily CMORPH-BLD, CHIRPS and PERSIANN-CDR were aggregated into monthly time scale and CHIRPS dataset was resampled into 0.25 • × 0.25 • using the nearest neighbor method to maintain consistency with other three satellite-based datasets in this study. In this study, very dry regions such as deserts and barren land were masked when calculating the monthly SPEIs at the global scale. A land cover type data with a spatial resolution of 0.5 • × 0.5 • in 2012 [44] was downloaded from the Global Land Cover Facility (GLCF) website (http://glcf.umd.
Remote Sens. 2019, 11, 2010 5 of 21 edu/data/lc/) to eliminate particularly dry regions. This land cover product was derived by the Moderate-Resolution Imaging Spectroradiometer (MODIS) satellite and was processed based on the International Geosphere-Biosphere Program (IGBP) land cover classification scheme. This study re-gridded this product into 0.25 • × 0.25 • and masked the monthly precipitation SPEIs based on the IGBP Class Code of 16, representing barren and sparsely vegetated regions.
Potential Evapotranspiration Data
The potential evapotranspiration (PET) data used in this study is the output of Global Land Evaporation Amsterdam Model (GLEAM) that aims to estimate evapotranspiration [45, 46] . The PET data has a range 1980-2018 and can be accessed at https://www.gleam.eu. It has daily temporal resolution and 0.25 • spatial resolution. The Priestley and Taylor equation used in GLEAM calculates potential evaporation based on observations of surface net radiation and near-surface air temperature. The GLEAM PET dataset has been widely applied to many hydro-meteorological applications, such as global land wetting and drying trend analyses, global drought monitoring, and regional eco-hydrological resilience to drought [47] [48] [49] . The daily GLEAM v3.3 PET data was summarized into a monthly dataset in this study.
The Standardized Precipitation Evapotranspiration Index (SPEI)
The drought index SPEI [9] was used to evaluate the drought monitoring utility of the four satellite-based precipitation estimates versus gauge-observed data. The calculation of the SPEI is based on a water balance, and simultaneously considers the precipitation and potential evapotranspiration (PET). First, the differences between precipitation and PET for month i are calculated based on Equation (1) .
Then, these differences are aggregated at various time scales, as shown in Equation (2) .
where P and PET represent the monthly precipitation (mm) and potential evapotranspiration (mm), respectively; the parameters k and n represent the aggregation timescale and final month, respectively. D k n is calculated using the P and PET values in the nth month and the preceding k − 1 months. For instance, the calculation of the six-month SPEI requires the D sum values of the five months preceding the current month.
When the monthly differences between P and PET are aggregated, the strong seasonal change may lead to an incomparable SPEI series. To exclude these seasonal effects, the log-logistic probability distribution function, expressed by Equation (3), was chosen to transform the D series into a normal distribution with a mean of zero and a standard deviation of one.
where α, β and γ are scale, shape, and origin parameters, respectively. The detailed derivation process was defined by Vicente-Serrano et al. [9] .
Regional SPEI values lower than −0.5 indicate the occurrence of drought [50] . Also, lower negative SPEI values indicate a more severe drought extent. In this study, the drought ranking in Table 2 was used to classify drought conditions. [7, 50] .
Drought Class SPEI Values
Extreme wet SPEI ≥ 2.0 Severe wet
Statistical Metrics
In addition to the SPEI, the correlation coefficient (CC) [29] , root-mean-square error (RMSE) [29] , probability of detection (POD) [29] , and false alarm ratio (FAR) [29] were used to identify the drought event detection capability of the four QPE products. The following equations were used:
POD = n 11 n 11 + n 10 (6) FAR = n 01 n 11 + n 01 (7) where N represents the number of months; S represents the satellite precipitation estimate; G represents the observed precipitation. S i and − G are means of satellite precipitation estimate and observed precipitation. n 11 represents the drought month detected by both rain gauge observation and QPE, and n 10 and n 01 represent the drought months that are only observed by rain gauge and QPE, respectively. According to this definition, higher POD and lower FAR indicate better drought event detection capability.
Results
Comparison of the Accuracy of the Precipitation of Quantitative Precipitation Estimation (QPE) Products
Versus Reference Data Figure 1 shows the global differences of the mean monthly precipitation between the QPE products and the CRU gauge observations 2000-2016. The distribution of the differences with a spatial resolution of 0.25 • × 0.25 • has coverage from 50 • S to 50 • N due to the spatial coverage of the TRMM-3B43 product. The positive values (indicated in red) and negative values (indicated in blue) represent the change from overestimation to underestimation between the QPE products and CRU gauge observations. Overall, the PERSIANN-CDR and TRMM-3B43 have a similar spatial difference distribution over the entire globe and overestimate precipitation for most areas of the world. In contrast, CHIRPS underestimates precipitation for most regions of the world. Severe positive discrepancies (higher than 30 mm/month) for PERSIANN-CDR, TRMM-3B43, and CHIRPS against CRU gauge observations are clearly distributed in Southeast Asia, Central Africa, and Amazonia. However, Remote Sens. 2019, 11, 2010 7 of 21 CMORPH-BLD product has a contrasting performance when compared with the other three products in these regions, and underestimates precipitation more in these areas (exceeding −20 mm/month). In addition, CMORPH-BLD has significant precipitation underestimation in the Tibetan plateau and Himalayas in comparison with the other three products (exceeding −30 mm/month).
TRMM-3B43 product. The positive values (indicated in red) and negative values (indicated in blue) represent the change from overestimation to underestimation between the QPE products and CRU gauge observations. Overall, the PERSIANN-CDR and TRMM-3B43 have a similar spatial difference distribution over the entire globe and overestimate precipitation for most areas of the world. In contrast, CHIRPS underestimates precipitation for most regions of the world. Severe positive discrepancies (higher than 30 mm/month) for PERSIANN-CDR, TRMM-3B43, and CHIRPS against CRU gauge observations are clearly distributed in Southeast Asia, Central Africa, and Amazonia. However, CMORPH-BLD product has a contrasting performance when compared with the other three products in these regions, and underestimates precipitation more in these areas (exceeding −20 mm/month). In addition, CMORPH-BLD has significant precipitation underestimation in the Tibetan plateau and Himalayas in comparison with the other three products (exceeding −30 mm/month). The spatial grid distributions of CC and RMSE between the QPE products and CRU precipitation are plotted in Figure 2 . For the four satellite-based precipitation products, regardless of whether it is CC or RMSE, the worse results were obtained for Southeast Asia, Central Africa, Amazonia, the Tibetan plateau, and the Himalayas. In these regions, the CC values are generally lower than 0.65 and the RMSE values exceed 60 mm/month. The spatial grid distributions of CC and RMSE between the QPE products and CRU precipitation are plotted in Figure 2 . For the four satellite-based precipitation products, regardless of whether it is CC or RMSE, the worse results were obtained for Southeast Asia, Central Africa, Amazonia, the Tibetan plateau, and the Himalayas. In these regions, the CC values are generally lower than 0.65 and the RMSE values exceed 60 mm/month.
The three quantiles (5%, 50%, and 95%) of monthly areal mean CC and RMSE over the six continents are provided in Table 3 . They show that the continents with denser gauges (e.g., North America, Europe, and Oceania) generally had higher correlations and smaller RMSE than continents with sparse gauges (e.g., Africa and South America) between remotely sensed data and in situ data. These findings are consistent with similar findings of previous studies [17, 26, 51] . This indicates that sparse gauges can result in high discrepancies between in situ observations and QPE products and cause high uncertainties in the evaluation of the QPE products at global and regional scales. Additionally, complex climate and terrain characteristics and the method of precipitation retrieval might cause errors between the QPE products and rain gauges [26] . In addition to these common features among the four QPE products, the data in Table 3 also show differences among the satellite products in the same region. Generally, CHIRPS had the best performance in Europe, Oceania, and Africa; PERSIANN-CDR had the best performance in North America, South America, and Asia; CMORPH-BLD had the worst statistical indices in all the continents. The three quantiles (5%, 50%, and 95%) of monthly areal mean CC and RMSE over the six continents are provided in Table 3 . They show that the continents with denser gauges (e.g., North America, Europe, and Oceania) generally had higher correlations and smaller RMSE than continents with sparse gauges (e.g., Africa and South America) between remotely sensed data and in situ data. These findings are consistent with similar findings of previous studies [17, 26, 51] . This indicates that sparse gauges can result in high discrepancies between in situ observations and QPE products and cause high uncertainties in the evaluation of the QPE products at global and regional scales. Additionally, complex climate and terrain characteristics and the method of precipitation retrieval might cause errors between the QPE products and rain gauges [26] . In addition to these common features among the four QPE products, the data in Table 3 also show differences among the satellite products in the same region. Generally, CHIRPS had the best performance in Europe, Oceania, and Africa; PERSIANN-CDR had the best performance in North America, South America, and Asia; CMORPH-BLD had the worst statistical indices in all the continents. 
Comparison of the Grid SPEI Estimates from the QPE Products and References
The SPEI from the four QPE precipitation products are compared in this study. The spatial patterns of the CC and RMSE were used to reflect the discrepancies from SPEI estimates of QPE products with respect to the CRU SPEI estimate at three time scales (3, 6, and 12 months). The CC and RMSE for the SPEI3, as seen in Figure 3a Figure 3 . Overall, the spatial distributions of the CC and RMSE for particular QPE products at three time scales are similar due to consistent precipitation and PET, which were used to calculate the SPEI. Furthermore, the spatial distributions of the CC and RMSE of four QPE products at a single time scale show clear differences, which may be caused by the effect of the respective processing algorithm on Remote Sens. 2019, 11, 2010 9 of 21 different complexities of underlying geographical surfaces and climate as well as the density of the rain-gauge network used to calibrate the satellite data. Four SPEIs have worse performances in Central Africa, Amazonia, the Tibetan plateau, the Himalayas, and Southeast Asia. Specifically, the central African area showed the worst CC (<0.5) and RMSE (>0.8) performances for the four QPE products when compared with other areas in the world. In contrast, the southeastern United States, southeastern South America, southern Africa, most areas of India, Australia, and eastern China have high CC values (>0.8) and low RMSE values (<0.4) for the four QPE products in Figure 3 . Notably, TRMM-3B43 and PERSIANN-CDR show evident improvements in the northwest of the Amazon compared to CHIRPS and CMORPH-BLD, as seen in Figure 3 . To further quantitatively compare the SPEIs calculated by the QPE products and the CRU precipitation, the CCs metrics (5%, 50%, and 95% quantiles) of the QPE products in the six continents are shown in Table 4 . PERSIANN-CDR generally has higher CC in most regions in the globe (except for Africa) and CMORPH-BLD has lower CC in the world; CHIRPS and TRMM-3B43 have comparable performances. In addition, the data presented in Table 4 also show that the SPEI12s of the four QPEs generally show the lowest CCs for each quantile in the world. The systematic error, which dominates the errors of the QPE products, may accumulate with an increasing timescale.
Notably, the SPEI CC and RMSE for CHIRPS had worse performances in comparison with those of PERSIANN-CDR in most regions of the world (except for Africa) despite the better precipitation records of the CHIRPS than that of PERSIANN-CDR in Europe, Oceania, and Africa in Table 3 . These results indicate that there is more severe inconsistency in the temporal variability between the SPEIs CHIRPS and SPEIs CRU gauge observations and the SPEIs that do not co-vary in time. To further quantitatively compare the SPEIs calculated by the QPE products and the CRU precipitation, the CCs metrics (5%, 50%, and 95% quantiles) of the QPE products in the six continents are shown in Table 4 . PERSIANN-CDR generally has higher CC in most regions in the globe (except for Africa) and CMORPH-BLD has lower CC in the world; CHIRPS and TRMM-3B43 have comparable performances. In addition, the data presented in Table 4 also show that the SPEI12s of the four QPEs generally show the lowest CCs for each quantile in the world. The systematic error, which dominates the errors of the QPE products, may accumulate with an increasing timescale. Notably, the SPEI CC and RMSE for CHIRPS had worse performances in comparison with those of PERSIANN-CDR in most regions of the world (except for Africa) despite the better precipitation records of the CHIRPS than that of PERSIANN-CDR in Europe, Oceania, and Africa in Table 3 . These results indicate that there is more severe inconsistency in the temporal variability between the SPEIs CHIRPS and SPEIs CRU gauge observations and the SPEIs that do not co-vary in time.
Analysis of SPEI-Based Drought Events
The regional SPEI can characterize the spatiotemporal variation of drought events. In this study, the SPEI under −1 (moderate dry) was used to identify whether drought is happening in a region. The total number of drought months in each grid is calculated for SPEI 3, 6, and 12 using each of the QPE products subtracting CRU observation. The resulting spatial difference distributions are shown in Figure 4 . In general, the four QPE products estimated more drought months in most regions in comparison with the CRU observations, especially in parts of Central Africa, Amazonia, the Himalayas, the Tibetan plateau, and Australia. The difference in the drought month number ranged between 0 and 15 among the four SPEI 3 QPE products. For each QPE product, the more drought months (even more than 15 months) were identified by the increase of the time scale.
To further determine whether the QPE products and CRU observations can capture the same drought events, this study paired the POD and FAR for each QPE product and CRU observation data, as seen in Figure 5 . Four QPE products exhibited similar spatial pattern of POD and FAR for the SPEI3, with lower POD (<0.45) and higher FAR (>0.5) in Central Africa, Amazonia, the Tibetan plateau, the Himalayas, and parts of Southeast Asia and Australia. These results indicate that more than 50% of the drought events cannot be accurately identified by the QPE products in these regions. In comparison with the above regions, other regions in the world, e.g., the southeastern USA, southeastern China, western Europe, and southern South America, performed well and had higher POD (>0.75) and lower FAR (<0. 25) , indicating that the QPE products can capture more than 75% drought events in these regions. Additionally, the CMORPH-BLD and PERSIANN-CDR obtain the worst and best global performance, respectively, especially in Central Africa, Amazonia, the Himalayas, and the Tibetan plateau. The results for the SPEI3 are similar to those for the SPEI6 and SPEI12.
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Studies of Several Specific Drought Events
The temporal and spatial variations of the drought index reflects the occurrence of drought events. In this study, four drought events in different locations and climatic regimes (the 2007 southeastern USA drought, the 2003 western European drought, the 2006 Kenyan drought, and the 2008 central Asia drought) were analyzed. The SPEI durations that best characterize these drought events were provided by Sahoo et al. [30] and Guo et al. [12] . Detailed information about these drought events are listed in Table 5 . Table 5 . Information of the five drought events analyzed in this study. 
The temporal and spatial variations of the drought index reflects the occurrence of drought events. In this study, four drought events in different locations and climatic regimes (the 2007 southeastern USA drought, the 2003 western European drought, the 2006 Kenyan drought, and the 2008 central Asia drought) were analyzed. The SPEI durations that best characterize these drought events were provided by Sahoo et al. [30] and Guo et al. [12] . Detailed information about these drought events are listed in Table 5 .
The monthly areal averaged SPEI series for the four QPE products and CRU observations between 2000 and 2016 are plotted in Figure 6 . The dotted domain in the Table 5 for each precipitation product was used to calculate the areal averaged SPEI time series in Figures 6 and 7 . The drought duration of each drought event is highlighted with a gray background in each plot. The SPEI time series of four satellite-based precipitation products and CRU precipitation are generally in agreement from 2000 to 2010. All datasets (except for CMORPH-BLD) can determine the five typical drought events using an areal mean SPEIs below −1 (moderately dry). The CMORPH-BLD is not able to effectively pick up the 2008 Central Asia drought and the 2006 Kenyan drought despite several grid values being less than −2.25. This study also calculated the proportion of the monthly drought grid number to the monthly total spatial domain number using the drought event criteria mentioned above for each drought event. The calculation results are shown in Figure 7 , where the drought event durations are labeled using a gray color. These results show that the drought area proportions of the five drought events are general consistent with the SPEI time series shown in Figure 6 . Overall, the four precipitation datasets can distinguish more than 60% of drought extents for every drought event under moderate dry conditions with the exception of CMORPH-BLD estimate for the 2008 drought in Central Asia.
In addition to the descriptions of time series for drought events, the spatial distributions of the SPEI for most drought months and each drought duration are shown in Figure 8 . The dotted domain in the first column for each precipitation product was used to calculate the areal averaged SPEI time series for each drought event in Figures 6 and 7 . The plots in Figure 8 show that the spatial SPEI patterns of the four satellite-based precipitation products agree with that of the CRU precipitation for the 2003 western Europe drought and the 2007 southeastern US drought. CHIRPS had a distinct over-recognition of drought severity for the 2006 Kenyan drought. In addition, CMORPH-BLD had obvious spatial discrepancies against the other precipitation products for the 2008 central Asian drought. In addition to PERSIANN-CDR, the other three satellite-based precipitation products suffer from under-recognition of the drought domain for the 2008 central Asian drought. The SPEI time series of four satellite-based precipitation products and CRU precipitation are generally in agreement from 2000 to 2010. All datasets (except for CMORPH-BLD) can determine the five typical drought events using an areal mean SPEIs below -1 (moderately dry). The CMORPH-BLD is not able to effectively pick up the 2008 Central Asia drought and the 2006 Kenyan drought despite several grid values being less than -2.25. Table 5 .
This study also calculated the proportion of the monthly drought grid number to the monthly total spatial domain number using the drought event criteria mentioned above for each drought event. The calculation results are shown in Figure 7 , where the drought event durations are labeled using a gray color. These results show that the drought area proportions of the five drought events are general consistent with the SPEI time series shown in Figure 6 . Overall, the four precipitation datasets can distinguish more than 60% of drought extents for every drought event under moderate dry conditions with the exception of CMORPH-BLD estimate for the 2008 drought in Central Asia. Table 5 .
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Discussion
Precipitation Accuracy Comparison of the Four QPE Products
The results in this study show that both PERSIANN-CDR and TRMM-3B43 have overall overestimation while CHIRPS underestimates precipitation for most regions of the world. The reasons may be the following: (1) CHIRPS uses gauge data to blend satellite data to produce a preliminary information product while PERSIANN-CDR and TRMM-3B43 employ gauge-based 
Discussion
Precipitation Accuracy Comparison of the Four QPE Products
The results in this study show that both PERSIANN-CDR and TRMM-3B43 have overall overestimation while CHIRPS underestimates precipitation for most regions of the world. The reasons may be the following: (1) CHIRPS uses gauge data to blend satellite data to produce a preliminary information product while PERSIANN-CDR and TRMM-3B43 employ gauge-based analysis data to blend the satellite data [36, 52] . (2) The anchor stations from different sources may result in duplication. For CHIRPS calculation, stations were only added to the anchor list if they were outside of a 10-km radius from any station already in the list, assuming that stations within the 10-km radius to be duplicates [52] . In this sense, duplication could result in a deficient blending and a misrepresentation of precipitation. The statistical indices calculated on the basis of Figure 2 show that CHIRPS has the best performance while CMORPH-BLD has the worst performance. This may be attributed to the time scale of blended data. The PMW-IR (passive microwave-infrared) merged precipitation estimates in the TMPA are calibrated against the GPCC monthly gauge analysis [53, 54] over land; the purely satellite-based precipitation estimates are adjusted to the GPCP merged analysis of monthly precipitation [55] to construct the PERSIANN-CDR over land [38] ; the monthly CHIRP-station blending process is carried out based on the stations provided by Climate Hazards Group (CHG). However, blending is performed for the CMORPH satellite-based estimates based on the daily CPC gauge-based analysis data. Thus, the daily error accumulation may increase the uncertainty risk of the monthly data. In addition, CPC gauge station network is not appropriate for many sparsely populated or mountainous regions [56] , which is an important cause used to interpret this phenomenon.
Sparse distribution of gauge in Southeast Asia, Central Africa, and Amazonia also cause the estimation deviation for all satellite-based products. The Tibetan plateau is a typical region in which few stations could be used in the blending process of satellite precipitation products [57, 58] . Moreover, high elevations, cold surfaces, and virga can cause precipitation retrievals on the Tibetan plateau to be generally less accurate in capturing orographic precipitation and solid precipitation [57, 58] . In addition, in comparison with the other three products, CMORPH-BLD has significant precipitation underestimation in Tibetan plateau and Himalayas. This may be that CMORPH tends to underestimate the precipitation due to the less-than-desirable performance of the current-generation PMW retrievals in detecting and quantifying snowfall and cold season rainfall.
Drought Monitoring Utility of the Four QPE Products
The results in Section 3 indicate that the four satellite-based products generally detect and capture the spatial and temporal distribution of droughts in most of the world (except for Southeast Asia, Central Africa, and Amazonia). PERSIANN-CDR generally achieved superior performance in most regions in the world (except for Africa) while CHIRPS and TRMM-3B43 have satisfactory and comparable performances where PERSIANN-CDR performs well. In addition, CHIRPS and PERSIANN-CDR have more than 30 years of data record, which suggests them as alternatives for in situ observations to detect and analyze droughts at regional and global scales. Studies involving the use of CHIRPS and PERSIANN-CDR to detect and analyze droughts have been reported before [15, 59] . Although PERSIANN-CDR obtained slightly superior results than CHIRPS at the continental scale, PERSIANN-CDR was relatively worse in detecting drought events in some regions with denser in situ observations, as seen in the eastern USA in Figures 6b and 7b , and southeastern China in Figure 5q ,s. This may be attributed to the correction data. PERSIANN-CDR had a relatively coarse reanalysis of GPCP data (2.5 • resolution) [33] while CHIRPS was directly adjusted using gauge stations [17] . With regard to TRMM-3B43, although several case studies have used this to detect drought, further evaluation is still required due to its short data records. In comparison with the other three satellite-based precipitation products, the overall performance of CMORPH-BLD is weak. The possible reasons for this phenomenon have been provided in the analysis of CMORPH-BLD precipitation accuracy. Accordingly, caution should be exercised when using the CMORPH-BLD to analyze drought dynamics.
Notably, large differences between in situ observations and the four QPE products occurred in Southeast Asia, Central Africa, and Amazonia. This phenomenon was not only found in this study but also reported in previous reports [26, 30, 52, 60, 61] . The sparse gauge networks in these regions can result in a lack of in situ error correction and might be an important factor that reduced data quality. Furthermore, dry climate, heavy rain, and complex underlying surfaces can lower the quality of QPE products, and the inherent poor accuracy can limit their application for drought monitoring to these regions.
The present study only compared and evaluated the global utility of the four gauge-adjusted satellite products. However, real-time or near-real-time drought monitoring based on remotely sensed products is also important and deserves more attention. This acquisition of global gauge-adjusted products requires significant time latency due to the data collection process and error correction using in situ data. In this study, CHIRPS and TRMM-3B43 had latencies of one and two months, respectively. Since drought is a long-term phenomenon with much larger timescale than flood and rain storm, the latency of data release of CHIRPS and TRMM-3B43 might be acceptable for the 'near-real-time' drought monitoring [17] . In comparison, PERSIANN-CDR usually has a latency of several months and may be more suitable for long-term historical drought analysis. Undoubtedly, the best method for real-time drought monitoring is the use of real-time remotely sensed products. Unfortunately, existing studies show that real-time or near-real-time precipitation products have unsatisfactory accuracy in the regional or global scale; challenges still exist if the released products are to be directly applied to monitor drought [17, 30, 62, 63] . However, near-real-time QPE products with high quality are currently in development. Aadhar and Mishra [64] have generated a near-real-time QPE product with 0.05 • coverage of southern Asia. Nevertheless, global real-time QPE products with high quality require further study.
In summary, the four products achieved satisfactory performances and can be used to monitor drought in most regions in the world. The large differences between the gauge records and QPE products estimates in Southeast Asia, Central Africa, the Tibetan plateau, the Himalayas, and Amazonia can be attributed to both the inherently low accuracy of the product and sparsity of the gauge network. Therefore, the four QPE products in these regions are not recommended for drought monitoring. CHIRPS and TRMM can be used to monitor drought at near-real-time; PERSIANN-CDR might be more suitable for long-term historical drought analysis.
Conclusions
This study compared and assessed the drought monitoring utilities of four gauge-adjusted satellite precipitation products (CHIRPS, CHORPH OLD, PERSIANN-CDR, and TRMM-3B43) over the 2000-2016 time period at the global scale. A CRU gridded dataset was used as reference data to assess the QPE products. The SPEI drought index was chosen as an example to evaluate the drought monitoring utility of four QPE products.
(1) PERSIANN-CDR and TRMM-3B43 overestimated precipitation more and CHIRPS underestimated precipitation more for most regions. Severe discrepancies for the above three QPE products against CRU gauge observations are clearly distributed in Southeast Asia, Central Africa, and Amazonia; however, the CMORPH-BLD product had the opposite performance. On the basis of the CC and RMSE, the worst CC and RMSE occurred in the regions above; generally, CHIRPS had the best performance in Europe, Oceania and Africa; the PERSIANN-CDR had the best performance in North America, South America and Asia; the CMORPH-BLD had the worst statistical indices in all continents. (2) On the basis of the SPEI statistics, the four SPEIs performed worse in Central Africa, Amazonia, the Tibetan plateau, the Himalayas, and Southeast Asia; Central Africa had the worst CC (<0.5) and RMSE (>0.8) performances for the four QPE products. In contrast, the southeastern United States, the southeast of South America, the south of Africa, most areas of India, Australia, and eastern China have higher CC values (>0.8) and low RMSE values (<0.4) for the four QPE products. The PERSIANN-CDR generally had higher CC in most regions in the world (except for Africa) and the CMORPH-BLD had lower CC in the world; CHIRPS and TRMM-3B43 had comparable performances. (3) According to POD and FAR for the SPEI, more than 50% of the drought events cannot be accurately identified by the QPE products in Central Africa, Amazonia, the Tibetan plateau, the Himalayas, and parts of Southeast Asia and Australia. In other regions, e.g., the southeastern United States, southeastern China, and South Africa, the QPE product can capture more than 75% of drought events. (4) All datasets (except for CMORPH-BLD) could detect all four typical drought events in Table 5 using the domain-averaged SPEIs of less than −1. The CMORPH-BLD was not able to effectively detect the 2007 central Asian drought and the 2006 Kenyan drought. The spatial SPEI patterns of the four QPE products agreed very well with that of the CRU precipitation for the 2007 southeastern USA drought and the 2003 western European drought. CHIRPS had a distinct over-recognition of drought severity for the 2006 Kenyan drought. In addition, CMORPH-BLD had obvious spatial discrepancies in comparison with other precipitation products for the 2008 central Asian drought.
In summary, on the basis of the SPEI results, the four QPE products performed satisfactorily for drought monitoring in most regions of the world. CHIRPS and TRMM-3B43 could be used to monitor drought at 'near real time' while PERSIANN-CDR might be more suitable for long-term historical drought analysis. 
